In the study of early brain development, tissue segmentation of neonatal brain MR images remains challenging because of the insufficient image quality due to the properties of developing tissues. Among various brain tissue segmentation algorithms, atlas-based brain image segmentation can potentially achieve good segmentation results on neonatal brain images. However, their performances rely on both the quality of the atlas and the spatial correspondence between the atlas and the to-be-segmented image. Moreover, it is difficult to build a population atlas for neonates due to the requirement of a large set of tissue-segmented neonatal brain images. To combat these obstacles, we present a longitudinal neonatal brain image segmentation framework by taking advantage of the longitudinal data acquired at late time-point to build a subject-specific tissue probabilistic atlas. Specifically, tissue segmentation of the neonatal brain is formulated as two iterative steps of bias correction and probabilistic-atlas-based tissue segmentation, along with the longitudinal atlas reconstructed by the late time image of the same subject. The proposed method has been evaluated qualitatively through visual inspection and quantitatively by comparing with manual delineations and two population-atlas-based segmentation methods. Experimental results show that the utilization of a subject-specific probabilistic atlas can substantially improve tissue segmentation of neonatal brain images.
Introduction
Longitudinal MRI study in neonates has the potential to reveal the early brain development patterns (Dubois et al., 2008; Gerig et al., 2006; Knickmeyer et al., 2008) . To perform quantitative analysis of longitudinal MR images in global and local brain regions, such as tissue volume measurement, inter-tissue boundary detection, and cortical surface and thickness evaluation, an essential procedure is to segment brain images into anatomically meaningful tissues such as gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF). The accuracy of tissue segmentation is crucial for subsequent quantitative analysis. However, despite the success of brain tissue segmentation algorithms developed for adult and pediatric brain images (Pham et al., 2000) , it remains challenging to segment neonatal brain images (Mewes et al., 2006; Prastawa et al., 2005; Xue et al., 2007) because of poor spatial resolution, low tissue contrast, and high within-tissue intensity variability. As shown in Figs. 1a, b, in the neonatal MR T1 and T2 images, tissue intensity distributions of GM, WM, and CSF largely overlap, especially in the T1 image (Fig. 1a) . Hindered by these difficulties, intensity-based segmentation algorithms, built upon an assumption that image intensities of the same brain tissue have a compact distribution, generally fail to segment neonatal brain images. Sometimes, it is difficult even for experts to visually distinguish between different neonatal brain tissues (Nishida et al., 2006; Song et al., 2007) . However, it is worth noting that the quality of MRI brain images of one-year-old and two-year-old is much better as shown in Figs. 1c, d . This suggests that the image acquired at the late time-point is relatively easier to segment than the image acquired at neonatal stage. Thus, the segmentation result of the late time image can be potentially used to help the segmentation of neonatal brain image.
In the literature, the knowledge-based segmentation algorithms have been developed for neonatal brain image segmentation (Bazin and Pham, 2007; Nishida et al., 2006; Pham and Prince, 1999; Prastawa et al., 2005; Song et al., 2007; Warfield et al., 2000; Weisenfeld and Warfield, 2009; Xue et al., 2007) . These algorithms perform brain tissue segmentation under the guidance of an atlas that encodes prior knowledge of anatomical structures' spatial locations, shapes, as well as their spatial relationships. A typical atlas generally comprises an intensity image, which can be used as an intensity model for atlas-tosubject registration, and also the probabilistic maps of GM, WM, and CSF, which can be used as prior tissue probability maps for guiding segmentation. The atlas can be generated by manually or automatically segmenting an individual image, or integrating information from multiple segmented images of different individual subjects.
For optimizing the performance of atlas-based segmentation on neonatal brain images, various atlases have been constructed. Due to high inter-subject anatomical variability, it is difficult for the atlas of an individual brain image to achieve a good segmentation performance, when applied to images with different anatomical structures. Researchers then turned to use the atlas built on multiple images. Prastawa et al. generated an atlas by averaging three semi-automatic segmented neonatal brain images, registered with affine transformation (Prastawa et al., 2005) . Song et al. built an unbiased atlas from 9 of 10 neonates in a leave-one-out manner with diffeomorphic flowbased registration (Song et al., 2007) . To minimize the age-related anatomical difference between images used for generating the atlas and the to-be-segmented image, Warfield et al. employed an agespecific atlas and proposed an iterated tissue segmentation and atlas alignment strategy to improve the neonatal tissue segmentation (Warfield et al., 2000) . Xue et al. constructed multiple age-specific atlases and performed an expectation-maximization (EM) algorithm for tissue segmentation, in conjunction with Markov random field (MRF) to remove the mislabeled partial volume voxels in an iterative manner (Xue et al., 2007) . Likewise, Aljabar et al. demonstrated that an atlas built from images similar to the to-be-segmented image can achieve better segmentation accuracy than atlases built from images randomly selected (Aljabar et al., 2009 ). These studies indicate that, for achieving good segmentation performance, it is necessary to have an atlas with similar anatomical structures with the to-be-segmented image, which we consider as a good atlas for guiding segmentation. On the other hand, the atlas built on multiple images can appear from blurry to sharp, depending on different settings of registration regularization in the atlas construction process, i.e., from strong to weak regularization (Yeo et al., 2008) . The optimal atlas sharpness degree needs to be explored in order to maximize the guiding power of the atlas and achieve the best segmentation performance.
In atlas-based image segmentation algorithms, the segmentation performance is also affected by the registration procedure of registering the atlas to the to-be-segmented image. Different registration procedures typically yield different segmentation results even using the same atlas and the same subject image (Rohlfing et al., 2003) . Therefore, an effective registration strategy is needed to estimate the spatial correspondence between the atlas and the to-besegmented image for the accurate incorporation of the prior knowledge embedded in the atlas.
In longitudinal studies, a subject is scanned at multiple timepoints. Thus, the images of the same subject acquired at different time-points have similar anatomical structures since major cortical gyrification develops during gestation of third trimester, and cortical convolution patterns remain similar after normal birth (Armstrong et al., 1995) . The similarity of anatomical structures of the same subject at different development stages is observable in MRI images. As shown in Fig. 2 , white matter pattern within the solid (and dashed) circles is very similar across images acquired at two weeks, one-year-, and two-year-old of the same subject. Since the segmentation of late time brain image such as two-year-old (or even one-year-old) can be achieved with high accuracy using existing segmentation methods like fuzzy clustering, we propose to use a late-time-point image in conjunction with its segmentation result as a subject-specific tissue probabilistic atlas to guide tissue segmentation of the neonatal image. Compared with the atlases built from images of different individuals, the subject-specific atlas has smaller anatomical variability, and thus has a potential to better guide tissue segmentation of the neonatal image. In particular, the subject-specific atlas can be used within a joint registration-segmentation framework to perform atlas alignment and image segmentation of the neonatal image. This paper is organized as follows. Details of the proposed segmentation framework are presented in the Method section. Then, an experiment section presents the segmentation results produced by the proposed method, and the comparisons with manual delineations and two population-atlas-based segmentation methods. Finally, the paper is concluded in the Discussion section.
Method
In this paper, we propose to use a subject-specific atlas constructed from the image acquired at late time-point (e.g., one-year-old or twoyear-old) of the same subject for guiding neonatal image segmentation. As summarized in Fig. 3 , our algorithm consists of two components: (1) fuzzy segmentation of late time images and construction of tissue probabilistic atlas, as shown in the right panel of Fig. 3 ; and (2) joint registration-segmentation step for atlas Fig. 3 . Specifically, in the joint registration and segmentation step, we iteratively performed atlas registration, bias field correction, and atlas-based tissue segmentation. It is worth noting that the tissue segmentation results of different time-points, for example, the one-year-old and two-year-old images, can both be used to guide the neonatal image segmentation. Their performances are compared and provided in the experiment section, to evaluate the possible variance of neonatal segmentation results with different time-points.
In MR image segmentation, T1 image is usually chosen for its higher spatial resolution and tissue contrast. However, for neonates, T2 image has better tissue contrast than T1 image as illustrated in Figs. 1a, b. For this reason, most neonatal segmentation algorithms either combine T1 and T2 images (Prastawa et al., 2005; Weisenfeld and Warfield, 2009 ), or use T2 images solely (Song et al., 2007; Xue et al., 2007) for tissue segmentation. In this study, we choose to use T2 images for neonatal brain segmentation, and T1 images for one-year-old and two-year-old brain segmentation.
In the following subsections, we describe our proposed segmentation framework by first introducing the preprocessing steps such as skull stripping and cerebellum removal, and then detailing the subject-specific atlas construction and the joint registration and segmentation approach.
Preprocessing step
Preprocessing is a standard procedure in general brain image segmentation, aiming to reduce image noise and remove skull, eyes, and cerebellum before segmentation (Kwon et al., 2003) . Many algorithms have been developed to remove the non-brain tissues such as skull and extra-cranial tissues, including Brain Surface Extractor (BSE) (Shattuck and Leahy, 2001 ) and Brain Extraction Tool (BET) (Smith, 2002) . We employ both algorithms (with adjusted parameters) for skull stripping of all time-point images, followed by manual editing to ensure accurate skull removal especially for neonatal images, in which intensity inhomogeneity makes it difficult to obtain satisfactory skull stripping results with these automatic algorithms. We then manually removed the cerebellum and brain stem in all images, to focus on segmentation of only cerebrum (although we still call it as brain segmentation, instead of cerebrum segmentation in this paper). Examples of skull-stripped and cerebellum-removed brain images can be observed in Fig. 1 .
Construction of subject-specific atlas from image acquired at late time-point
To construct a subject-specific atlas for neonatal segmentation, the late time-point image of the same subject is first segmented by a fuzzy segmentation algorithm (Pham and Prince, 1999) , to generate tissue probabilistic maps of GM, WM, and CSF.
The fuzzy segmentation, also referred to as fuzzy clustering, is derived from the K-means algorithm (Pham et al., 2000) , which segments an image by iteratively computing a mean intensity for each class and classifying voxels into the class with the closest intensity centroid. Due to the partial volume effect, each voxel could be a combination of GM, WM and CSF. The fuzzy c-means (FCM) algorithm (Bezdek and Ehrlich, 1984) handles this problem by using memberships to model each voxel's fuzziness. The membership measures the fuzziness of each voxel belonging to different classes. In particular, the standard FCM minimizes the following objective function to find the fuzzy membership functions and the centroids in a given image I:
where for each voxel j in an image domain, I j is the observed image intensity, c k is the centroid of class k, μ j,k , is the membership value of class in the voxel j, and q is the weighting exponent on each fuzzy membership to determine the amount of fuzziness of the resulting classification. The parameter q is generally set as 2 in many applications (Pham et al., 1997) . However, the standard FCM cannot deal with the possible intensity inhomogeneity in MR images, which can affect the intensity distribution of brain tissues and the performance of fuzzy clustering. This problem was effectively solved by the adaptive fuzzy c-means (AFCM) algorithm (Pham and Prince, 1999) , which simultaneously performs fuzzy clustering and intensity inhomogeneity estimation. Briefly, the following objective function needs to be minimized:
where g j is the bias field in voxel j, which models the intensity inhomogeneity. D r and D s are the finite difference operators along the r-th and s-th dimension of the image, with r, s ∈ {1, 2, 3} in this study. The last two terms of Eq. (2) are the first and second-order regularization terms for restricting the bias field to vary slowly and smoothly. To solve this equation, the centroids are first computed by estimating the image histogram, and used to get membership of each voxel for each class. The bias field is estimated by computing the space-varying difference.
Here, we adopt the AFCM method to perform a soft segmentation of the late time-point image, and get the probabilistic maps of three tissues, namely WM, GM, and CSF probabilistic maps. The centroid c k is initialized as equal the interval from minimum to maximum of image intensity for CSF, GM, and WM, and g j is set as 1 uniformly in the whole image initially. By iteratively updating the centroids and the bias field, the segmentation converges when the maximal change in the membership functions over all voxels between two iterations is less than a given threshold.
The typical tissue segmentation result of a two-year-old image produced by this iterative procedure is shown in Fig. 4 . It is worth noting that the above steps also generate three tissue probabilistic maps for GM, WM, and CSF, respectively, which can be used as subject-specific tissue probabilistic atlases to guide the segmentation of neonatal brain image as detailed below.
Yeo et al. indicated that the sharpness (or smoothness) of an atlas has an influence on image segmentation (Yeo et al., 2008) . For example, the segmentation results with a strong atlas will more rely on the atlas (instead of the intensity information of the image itself), and will produce results similar to the atlas; while a weak atlas has insufficient prior information and thus generally results in a loss of details in tissue segmentation results. In this paper, we follow to use the term sharpness to describe the similar influence on segmentation with individual atlas, when adjusting the balance between the individual atlas (appearing sharp) and a uniformly distributed prior (i.e., no preference on any tissue, appearing blurry). To explore the effects of segmentation accuracy with respect to the sharpness of the individual atlas, we introduce a parameter to control the balance as follows:
where p j,k is the probability of tissue class in a given voxel j (∑ k p j,k = 1), K is the total number of brain tissues (K = 3 in this study), and p j,k new is a new adjusted tissue probability (∑ k p j,k new = 1). When t is 1, the individual atlas from late time-point is directly used. When t is 0, all tissue probabilities are set equal to 1/K and result into an uniform global prior. By optimizing the parameter t, we can adjust the percentage of longitudinal information used to guide tissue segmentation, and eventually achieve better segmentation performance. This exploration of values will be provided in the experiment section.
Joint registration-segmentation of neonatal image
Atlas-based segmentation algorithms generally comprise two steps: 1) a registration step for bringing the atlas onto the coordinate space of the to-be-segmented image, and 2) a segmentation step for atlas-based tissue segmentation. Such a two-step process can be done sequentially (Cocosco et al., 2003; Fischl et al., 2002; Van Leemput et al., 1999) or jointly (Ashburner and Friston, 2005; Pohl et al., 2006; Wang et al., 2006; Yezzi et al., 2003) . It has been demonstrated that joint registration-segmentation algorithms are more effective than sequential registration-segmentation algorithms, since registration and segmentation processes can assist each other. For example, the good segmentation result can help registration to identify features (e.g., using HAMMER (Shen and Davatzikos, 2002) ), and the good registration result can help model-based tissue segmentation to incorporate the prior shape and geometrical information of anatomy.
We adopt a joint registration-segmentation approach, by performing bias correction, atlas alignment, and tissue segmentation in a unified framework (Pohl et al., 2006) . Instead of using linear registration (Yezzi et al., 2003) , low freedom nonlinear registration (Ashburner and Friston, 2005) , or hierarchically global and local registration (Pohl et al., 2006) , we employ a well-validated nonlinear registration algorithm, namely HAMMER (Shen and Davatzikos, 2002) , for atlas alignment, which can hierarchically performs image registration by progressively increasing the degree of nonlinear warping from global registration in the initial stage to highly nonlinear local registration in the late stages as the segmentation becomes better.
A Gaussian model based Expectation-Maximization (EM) algorithm is adopted in our method for atlas-based tissue segmentation (Ashburner and Friston, 2005; Pohl et al., 2006) . As shown in Fig. 1 , the distributions of three brain tissues in the neonatal image are largely overlapped. Using a single Gaussian to model each tissue is not sufficient to estimate tissue distribution. Thus, the Mixture of Gaussians (MOG) model is adopted in this study, aiming to model each tissue intensity distribution using a combination of multiple Gaussians. In particular, the q-th Gaussian in the k-th class is modeled by its mean μ k q (q from 1 to Q k ) and variance (σ k q )
where y j is the intensity of voxel j. Denote the mixing proportion as y k q (∑ k,q γ k q = 1) the mixture model can be defined by the probability density function (PDF) as follows:
Let R be the registration parameters from the atlas to neonatal image, and G be the estimated bias field, and the tissue probabilistic maps in the atlas can then provide the priors as {p(θ), for GM, WM, and CSF}, where θ ={γ, μ, σ 2 , R, G}. Initially, R is set as an affine transformation from the atlas to neonatal image, and G is set as homogeneous that keeps the intensity of neonatal image unchanged. Bayes rule is then employed to assign a posterior probability by applying the priors and driving the intensity information in the neonatal image as p(y j |θ). This procedure is actually an EM algorithm. In the E-step, a posterior probability to possible association of each tissue is assigned to each voxel by using current estimation of the model parameters θ:
where L is the resulting posterior label map (e.g., segmented image).
In the M-step, the model parameters θ are updated by using current voxel assignments from the E-step:
R ← Resulting parameters of atlas to new label map registration G ← Resulting parameters of bias field based on new label map where N is the total number of voxels in the image. At each iteration, R is obtained by registering the atlas to the newly segmented label image L with a nonlinear registration algorithm HAMMER (Shen and Davatzikos, 2002) , and G is obtained by estimating a smooth, low spatial frequency bias field in the neonatal image space (Sled et al., 1998) . At each iteration, the increasingly better approximation will be achieved until the convergence of θ is achieved. The solutions have been discussed in detail in literatures (Ashburner and Friston, 2005; Pohl et al., 2006) . By performing this whole procedure of joint registration and segmentation, the neonatal image can be eventually segmented and also the correspondences across longitudinal images can be obtained.
Results

Materials and measurements
MRI images of neonates were obtained from a large dataset of longitudinal MR study, investigating brain development in early years. Currently, there are more than 180 subjects with longitudinal scans in neonate, one-year, and two-year-old. These healthy subjects were recruited from UNC-CH and free of congenital anomalies, metabolic disease, and focal lesions. MR scanning was performed using a 3 T Siemens scanner. For 10 subjects (4 females and 6 males) from our longitudinal MRI database, their neonatal images have been manually segmented. These manual segmentations were focused on 2 sagittal slices, 3 coronal slices, and 3 axial slices, selected by two manual raters (Fig. 5 ). Images were segmented using the same initialization by intensitybased clustering method, and then manually edited with the ITK-SNAP software (Yushkevich et al., 2006) . Manual segmentations were performed on the neonatal T2 images.
For these 10 subjects, their neonatal images were first scanned at postnatal age of 6.0 ± 1.9 weeks. Eight of them had MRI image scanned at one-year-old, with postnatal age of 60.5 ± 6.8 weeks, and 6 of them had MRI images scanned at two-year-old, with postnatal age of 101.4± 5.4 weeks (see Table 1 ). For the subjects with both one-yearold and two-year-old images, we use both of them to guide neonatal image segmentation separately, and to compare their performances.
To measure the overlap rate between two segmentations, we employ Dice ratio (DR), which is also referred to as similarity index (Dice, 1945) . For two segmented regions A and B, the Dice ratio is defined as DR = 2|A ∩ B| / (|A| + |B|), which ranges from 0 to 1, corresponding to the worst and the best agreement between labels of two regions.
Parameter optimization
Determination of atlas sharpness parameter t Different sharpness parameters t are chosen from 0 to 1 with an interval of 0.1 and applied to all 10 subjects, to explore an optimal Fig. 5 . Illustration of slices selection of manual segmentation on one subject. Panels from left to right are the sagittal, coronal, and axial views.
Table 1
Distribution of scan availability.
Available scans
Number of subjects Neonate and one-year-old 4 Neonate and two-year-old 2 Neonate, one-year-old, and two-year-old 4 Total 10 range for neonatal brain segmentation. The average Dice ratio is shown in Fig. 6 . The results indicate that when t is in the range of 0 to 0.2 corresponding to the segmentation with little prior knowledge, the Dice ratio is low and there exist many outliers. The segmentation performance becomes much better when the parameter t is in the range of 0.3 to 1.0. However, as the atlas is going too strong (i.e., higher percentage) from 0.7 to 1.0, the Dice ratio goes down, reflecting the fact that the atlas dominates the segmentation and the image itself contributes little in segmentation. Representative examples for the segmentation results with t in {0, 0.3, 0.6, 1} are shown in Fig. 7 . For example, as shown in Fig. 7c , when a weak atlas is used, the GM is oversegmented. In Fig. 7f , when a strong atlas is used, the atlas-based segmentaion algoithm can even segment the putamen in subcortical region, where the intensity contrast is actually too low to be differentiated from other nearby tissues in the neonatal T2 image (Fig. 7a) . Thus, this causes artifacts in the segmentation result.
To detemine the trade-off between sharp and blurry atlas used for tissue segmentation, a leave-one-out strategy is also utilized. The total Dice ratios (∑ k DR k , k = GM, WM) for 9 of 10 subjects are averaged with respect to the change of t, and the parameter t corresponding to the highest accuracy is used for segmentation of the left-out subject. This leave-one-out step is repeated until all subjects have been left out for one time as a test subject. We can eventually obtain a set of optimal t from 10 leave-one-out cases. On the other hand, by testing parameter t independently for each subject as described in the last paragraph and also in Fig. 6 , we can obtain an optimal t for each subject, and finally obtain a second set of optimal t from all 10 subjects after they are tested independently. We found that these two sets of t both fall into the range of 0.3-0.6, and no significant difference was found between their corresponding Dice ratios Fig. 6 . Segmentation accuracy on 10 subjects with respect to the change of atlas sharpness parameter t. The manual segmentation is used as ground truth (rater 1). (a) for GM, (b) for WM, and (c) for CSF. Fig. 7 . Respentative segmentation results on one subject with respect to the change of atlas sharpness parameter t. (a) Original T2 image, (b) its manual segmentation, and segmentation results using (c) t = 0, (d) t = 0.3, (e) t = 0.6, (f) t = 1 to control the sharpness of the subject-specific atlas in guiding tissue segmentation. Fig. 8 . Similar segmentation performance on GM, WM, and CSF for 4 subjects with atlas built by either one-year-old image or two-year-old image.
(p = 0.32) after performing a paired t-test. This suggests that the optimal parameter t is quite robust across different subjects. Because the segmentation accuracy remains consistent across subjects when t is in the range of 0.3-0.6 as shown in Fig. 6 , we set t as 0.5 in this paper for all other experimental results reported below.
Selection of late time-point image
For the four subjects with both one-year-old and two-year-old images, the subject-specific atlas could be built with either one-yearold or two-year-old image. A question rises naturally as to which time-point image is more suitable for guiding the neonatal image segmentation. We thus build an atlas with either of them and conduct the segmentation separately, with results shown in Fig. 8 , to compare their performances. The atlas built by two-year-old image achieves similar performance to that by one-year-old image. This suggests that both time-point images are able to perform well in the proposed segmentation framework.
Performance evaluation
Visual inspection
By choosing the optimized atlas sharpness parameter (i.e., t = 0.5) and a proper late time-point image, the segmentation is conducted on all new subjects. The results of 4 representative subjects with three longitudinal scans are shown in Fig. 9 for visual inspection. In each panel from (a) to (d), the first column shows the intensity images and the second column shows the segmentation results. Similar anatomical structures could be observed in intensity images of three timepoints for each subject, which are well preserved in their segmented images. These results indicate that the proposed algorithm can obtain visually reasonable segmentation results for neonatal images.
Quantitative comparison with manual segmentations
The segmentation results for two representative subjects by our proposed method and by two raters are shown in Fig. 10 . These results Fig. 9 . Segmentation results of longitudinal images from 4 subjects, corresponding to the panels in (a-d), respectively. For each subject, from top to bottom are the two-year-old, oneyear-old, and two-week images, and from left to right are the skull-stripped images and the segmentation results, respectively. demonstrate that the proposed algorithm obtained segmentation results visually similar to those generated by expert raters even at fine structures, e.g., cortical regions. The tissue contrast in subcortical regions is quite low (even for manual raters), thus the manual raters leave these regions as gray matter. Accordingly, we mainly compare the segmentation performance in the cortical regions. Fig. 11 shows Fig. 11 . Comparison of segmentation agreement on GM and WM for 10 subjects between the proposed algorithm and two raters. The inter-rater Dice ratio is also provided. Fig. 12 . Comparison of segmentation accuracy on GM and WM for 10 subjects, using one-year-old atlas, neonatal atlas, and our proposed longitudinal subject-specific atlas, respectively. Manual segmentation from rater 1 is used as ground truth.
the Dice ratio for the segmentation results by the proposed segmentation algorithm and the two manual raters. In GM, the Dice ratio is 0.87 ± 0.01 between the proposed algorithm and rater 1, 0.87 ± 0.02 between the proposed algorithm and rater 2, and 0.88 ± 0.01 between two raters. In WM, the Dice ratio is 0.86 ± 0.02 between the proposed algorithm and rater 1, 0.85 ± 0.03 between the proposed algorithm and rater 2, and 0.87 ± 0.02 between two raters. The overlap ratios on GM and WM are very close, and no significant difference was found in each pair of these overlap ratios. Thus, our proposed automatic segmentation algorithm achieved comparable segmentation performance on GM and WM as manual raters. But for CSF, as shown in Fig. 11 , the inter-rater overlap rate is much higher as 0.94 ± 0.03 than 0.81 ± 0.05 obtained between the proposed algorithm and rater 1, as well as 0.80 ± 0.05 obtained between the proposed algorithm and rater 2, which may be because the two manual raters used the same initial segmentation as a base for manual edition.
Quantitative comparison with two population-atlas-based segmentations
To evaluate the performance of our subject-specific atlas, we compare it with two population atlases. The first one is a one-yearold pediatric atlas obtained from 76 infants with ages ranging from 9 to 15 months (Altaye et al., 2008) . The second one is a neonatal atlas, which is built by averaging the normalized segmented images from 9 of 10 neonatal subjects of this study under a leave-one-out strategy. After the step of atlas reconstruction from 9 subjects, the left-out subject is segmented by the reconstructed atlas, to test the atlas performance. This leave-one-out step is repeated until all subjects have been left out for one time as a test subject. For fair comparison, the same joint registration-segmentation strategy is used to segment brain images for our proposed algorithm and these two population-atlas-based segmentation methods. As shown by results in Fig. 12 , the proposed algorithm achieved a significantly higher Dice ratio in GM, WM, and CSF, compared to the two population-atlas-based methods (with p b 0.001). The results by two population-atlas-based segmentation methods are very similar, with no statistically significant difference. Theoretically the neonatal atlas (reconstructed by 9 subjects in the leave-one-out training) should have better performance because it has less anatomical difference from the to-be-segmented neonatal image. The reason that it achieves similar segmentation performance as the one-year-old pediatric atlas might be because the number of neonatal images used for constructing neonatal atlas is too small, i.e., only 9 in this study.
Discussion
We have presented a framework for performing neonatal brain tissue segmentation by using a subject-specific tissue probabilistic atlas generated from longitudinal data. This method takes the advantage of longitudinal imaging study in our project, i.e., using the segmentation results of the images acquired at a late time to guide the segmentation of the images acquired at neonatal stage. The experimental results demonstrate that the subject-specific atlas has superior performance, compared to the two population-based atlases, and also the proposed algorithm achieves comparable performance as manual raters in neonate brain image segmentation.
The atlas sharpness parameter has been proved robust for achieving optimal segmentation results in a broad range of 0.3-0.6. For the selection of late time-point image, the segmentation accuracy remains similar when the atlas is built by either one-year-old or twoyear-old image. Recently, decision fusion is widely used to combine multiple segmentations into a final decision with compensation for errors in single segmentation (Heckemann et al., 2006; Warfield et al., 2004) . This technique could be potentially used to achieve better neonatal segmentation performance, by combining the segmentation results from multiple subject-specific atlases when multiple late time-point images of the same subject are available.
The average total computation time is around 28 min for segmentation of a 256 × 256 × 198 image with 1 × 1 × 1 spatial resolution on a PC with 2.5 GHz Pentium4 processor. In this computational time, 3 min is used for segmentation of a late time-point image for generating a subject-specific atlas, 14 min is used for atlas-to-subject registration, and 11 min are used for atlas-based neonatal image segmentation. Overall, the proposed segmentation framework is able to achieve satisfactory segmentation results within a reasonable computational time.
The performance of our neonatal segmentation algorithm is currently evaluated by 10 manually segmented subjects. We have acquired a large set of longitudinal images in our institute. In the future, we plan to perform more manual segmentations on more subjects for better evaluation of the proposed neonatal segmentation method.
It is worth noting that, by developing this longitudinal guided segmentation algorithm, we can use it to segment more than 180 neonatal images in our database. In this way, using this large set of segmented neonatal images, we can construct a reasonable atlas for neonatal brain images. Eventually, we can use this atlas for segmenting neonatal images with missing longitudinal data. All of these are our ongoing work.
